Abstract: This paper aims to show the impact of access to electricity on school enrollment in Bangladesh. It offers an empirical investigation of the relationship between access to electricity and school enrollment statuses, such as grade progression, repetition, and non-attendance. The data were taken from Bangladesh's Multiple Indicator Cluster Survey (MICS) database 2012-2013 provided by the Bangladesh Bureau of Statistics (BBS) and UNICEF; the data include two years of grading information for children of ages ranging from 5-15. We applied the propensity score matching (PSM) and the Markov schooling transition model using matched sample data. The results show that access to electricity has a significant positive effect on grade progression and a significant negative effect on non-attendance in the short run as well as in the long run. The simulation result shows that the non-attendance rate is lower and the school enrollment rate for children grades 9-11 is higher in the electrified areas compared to unelectrified areas. This result suggests that access to electricity is an important strategic indicator for increasing school enrollment in both primary and secondary schools.
Introduction
Light is a basic human need, and is also considered an important indicator of everyday lifestyle. Changes in lighting also change people's performance. Several mechanisms contribute to increasing human performance through improved lighting, such as visual performance, visual comfort, interpersonal skills, problem-solving, and change processes [1] . Lighting also has non-visual effects. Good quality lighting affects performance, mood, attention, and synchronization [2] . Most households in unelectrified regions use kerosene lamps, candles, and solar lanterns as sources of indoor lighting. These types of lighting adversely affect the safety, health, and environment of household members. We consider access to electricity to be access to lighting sources. This study extends reflection on the link between access to electricity and school enrollment. It is motivated by an empirical study based in rural Mexico that shows that a school subsidy program is associated with higher enrollment rates, less grade repetition, better grade progression, and lower dropout rates [3] . However, limited studies conducted in several developing countries show the effects of access to electricity on children's education in terms of study time and school attainment. We want to examine the effects of electrification on school enrollment (grade progression, repetition, and non-attendance) in the short run as well as the long run.
Several assessments have been undertaken of the impacts of electricity on socio-economic development. Access to electricity reduces the time spent by children on activities such as gathering fuelwood and fetching water, promotes the home study and enables the use of educational media and communications in school [4] . A study by the United Nations Development Programme/World Health Organization (UNDP/WHO) showed that education enrollment ratios correlate with access to electricity [5] . One macro level study using panel data showed that long-run bidirectional causality exists between electricity consumption and five human development indicators: per capita gross domestic product (GDP), consumption expenditure, urbanization rate, life expectancy at birth, and adult literacy rate [6] . Many researchers have shown that a positive relationship exists between access to modern energy and economic development. Affordable and accessible modern energy plays an essential role in the development and ensures sustainable development [7] [8] [9] . However, electricity and income exhibit two-way causality: income explains the potential to connect to electricity, and connection to electricity has a substantial and significant effect on income [10] . Empirical studies based on electrification have generally supported the benefits to health, education, and income; however, these claims are weak [11, 12] . Home electrification helps to improve children's education [13] . One study claimed that interactions between energy and development are complex and not causal [14] . The impact of electrification appears to increase the hours of work for men and women, in particular, increasing women's employment by releasing them from home production [15] . Dinkelman [15] applied two identification strategies, namely, instrumental variables and fixed-effect approaches, to overcome the endogeneity problem of electrification. The confounding trend of electrification makes it more difficult to identify the treatment effect on the economy. We assume that no confounder is present in our model, and we apply propensity score matching (PSM) to identify the impact of electrification on school enrollment.
Household access to electricity has a significant positive impact on children's nutritional status as a result of increased wealth. Children's nutritional outcomes are affected by causal channels such as wealth, fertility, and television [16] . One empirical study estimated the causal impact and showed that electrification has a significantly positive impact on household income, expenditure, and school enrollment in Bangladesh [17] . Another study based on county-level data from urban and rural Brazil showed that electrification has a substantial positive and significant effect on income, literacy, and the enrollment rate components of education [18] . Furthermore, a study indicates that electricity from a solar home system increases the study time of children in Bangladesh [19] . The electrification of homes, schools, and communities has a significant effect on educational outcomes [20] ; moreover, electrification has a positive effect on female enrollment in school and on reading capability for both boys and girls [21] .
Bangladesh was the first country in the world to implement school incentive programs to increase school attendance, especially for children from low-income families. These incentives include free tuition, books, food provided in exchange for school attendance (Food for Education), and a stipend for female students. Over the past two decades, a significant proportion of education policies has been applied towards increasing school enrollment through Food for Education and stipends for poor students and female students. This type of education policy suggests that income is the primary barrier to children continuing their studies in school. The cash incentive program has a direct effect on school enrollment, and low-income families respond positively by sending their children to school. Evidence from descriptive statistics shows that school incentive programs (Food for Education and female student stipends) in Bangladesh increase children's school attendance, and decrease the out-of-school rate and child labor activity [22] . Another study, based on descriptive statistics and a multivariate model, also showed that the Food for Education program increased school enrollment, promoting school attendance and preventing dropping out [23] . The motivation for the current study is to assess the impact of electrification on school enrollment. In Bangladesh, providing continuous electricity is a major problem, and load shedding is a common scenario in rural areas. Access to electricity has an indirect effect on children's study due to the quality of light. In our study, we want to examine the impact of access to electricity on school enrollment.
Education is an essential tool to strengthen human resources and maintain steady development in any country. In Bangladesh, gross enrollment has approached the universal level, and the primary school completion rate has remained at 60% since 2000 [24] . Grade repetition, non-attendance, and dropping out also remain major problems. Some research has shown that dropping out occurs due to either financial problems or a lack of interest in education. Several factors potentially drive these causes such as age, gender, poor physical condition, geographical location, household characteristics, and economic hardship [25, 26] . Study completion also relates to gender, family income, and the cost of school fees, books, uniforms, and transportation [27] . Several pathways can be followed to identify the possible causal impacts of electrification on school enrollment. First, the use of electricity enhances the income opportunities of the household through extended work hours, and a greater income prompts parents to send their children to school to achieve a better future based on the social and financial returns of education. Second, electricity can improve the lighting status of the household and replace traditional candles and kerosene lamps. Household electrification leads to a reduction in indoor air pollution [28] . This helps children to study longer and with better concentration. It also allows parents to take better care of their children by allowing more flexible use of time. Third, access to electricity also provides families with more, better quality information through information technology such as cell phones and television. We can speculate that the benefits from access to electricity can be explained by these three causal channels, but we are unable to estimate the above causal impacts due to the absence of data.
Most previous studies use different ways to show the impact of access to electricity on education. This type of nexus states the positive benefit of electricity use on education without explaining the causal relationship. Some studies report correlations that appear to show the positive impact of electricity use, although multiple socio-economic factors might impact on education. The existing literature also fails to capture the reverse causalities and the potential bias of access to electricity on educational outcomes. The potential drawbacks of studies in the existing literature are as follows: (1) most studies rely on correlations and (2) most studies adopt a single indicator, such as the enrollment rate, dropout rate, or grade repetition rate; thus, they cannot assess the long-term effects of electricity on school enrollment.
For the purpose of evaluation, we applied a propensity score matching (PSM) approach that captures different covariates for participation in a single propensity score. This study adopts a non-experimental strategy to assess the impact of electricity on school enrollment in Bangladesh. Thus, by using panel data from the Multiple Indicators Cluster Survey (MICS) database, through PSM, we can isolate the causal effect of access to electricity on school enrollment. We applied the nearest neighbor matching (NNM) method to estimate the impact of access to electricity, where each treatment unit was matched to the comparison unit with the closest propensity score. We constructed transition matrices for both groups based on age and took the difference to estimate the short-and long-run impact of access to electricity on school enrollment. The data analyzed in this study cover two years of information on the grades of children studying in primary and secondary schools. Thus, it is impossible to assess the long-run impact due to the short time span of the data. However, the long-run impact is our key interest as access to electricity is an important indicator of socio-economic development. Therefore, we propose a method for simulating the effects through age transition matrices. The results, based on our simulation, indicate that if children are at age 5 when they began attending school and continued to study up to age 15, their school enrollment distribution would change substantially. Moreover, non-attendance would decrease by 2.48%, and transition to grade 11 would increase by 0.43% in electrified regions compared to unelectrified regions. The simulation results also show that a substantial impact of electrification on school enrollment occurs for grades 9-11.
The rest of the paper is organized as follows: Section 2 provides the estimation methods, comprising the matching procedure and the Markov schooling transition model. Section 3 presents a description of the data. Section 4 provides the empirical results and discussion, while Section 5 presents the conclusions.
Estimation Methods
If access to electricity were randomly assigned to households, it would be an experiment. We could evaluate by household the causal effect of access to electricity on children's school enrollment as the difference in average school enrollment between those with and those without access to electricity. However, home electrification is based on each head of the household's self-selection instead of random assignment. The government electrification program is also influenced by political pressure, regional priority, and donors' attitudes [29] . Rich households enjoy more opportunity to install electrification compared to poor households. We can say that the treatment assignment is not random and that a systematic difference exists between the with and the without electricity groups. Selection bias could possibly occur as unobservable factors influence both the treatment and outcome variables. Hence, if we apply the ordinary least squares (OLS) method, biased estimates would be the result. We cannot apply the difference-in-difference (DID) method as we have one-shot data. We can also control for selection bias by employing an instrumental variable (IV) approach. Finding the appropriate instrument from the data set is difficult [30] .
Access to electricity could be considered a non-randomized treatment, with the treatment effect based solely on observable characteristics. The PSM estimator is a popular method among analysts, especially for social program evaluation. In our study, we want to construct a transition matrix that reveals the grade transition of children between the two groups; however, matched samples are needed to construct this kind of transition matrix. The PSM method assists our study in grasping matched samples. We then apply the Markov schooling transition model based on these matched samples. The short-and long-run impacts on school enrollment are thereby evaluated. However, the recent empirical literature has identified some bias in PSM [31] which is associated with several factors, including: the selection of the unobservable; the failure of the common support condition; the failure to control for local differences; and the selection of the dependent variable for both control and treatment groups [32] .
Matching Procedure
We can estimate the average treatment effect (ATE) in a counterfactual framework, in accordance with Rosenbaum and Rubin [33] , as follows:
where and , respectively, denote school enrollment of children in a household that has access to electricity and children in a household that does not have access to electricity. As both and are not normally distributed, we can express the normal distribution equation as follows:
If we consider P as the probability of observing a household with access to electricity, that is, = 1, the average treatment effect can be written as:
Equation (3) indicates the effect of access to electricity on the entire samples. This is measured by the weighted average of the effect of access to electricity on the treated sample and the control sample with each weighted by its relative frequency. It is not possible to estimate the causal inference of the unobserved counterfactuals, ( ( | = 0) and ( | = 1)) [32] .
An important issue in evaluating the impact of access to electricity on children's school enrollment is that we might not obtain counterfactual information from the existing data sets. We want to solve the problem by using the PSM method that enables the construction of a single propensity score from the pre-treatment characteristics [33] . We can then use the propensity score for matching with scores from similar individuals., Based on the treatment, the PSM method, given the conditional pre-treatment variables, is as follows:
where . can be normal or probit cumulative distribution and X is a vector of covariate characteristics. We need to fulfill two conditions, namely, the conditional independence assumption (CIA) and common support between the two groups. The matching method can be meaningfully applied over regions of common support (see Appendix Figure A1 ). A strong argument is that a person with the same propensity score should have the same X values, with a positive probability of being both treated and control [34] . The average treatment effect for the treated (ATET), based on propensity scores, can be estimated as follows:
This indicates the average difference between those who are treated and their matching partners. A popular way to estimate the treatment effect is the nearest neighbor matching (NNM) method. We estimate the treatment effect based on the propensity score, but not on the condition of all covariates. The covariate balancing between the treatment and control groups after matching needs to be checked (see Appendix Figure A2 ).
Justification of Covariate Selection
The determinants of household access to grid electricity comprise many factors, of which household income is considered to be the main factor. A study in South Africa showed that household income and electricity price are the main determinants of electricity demand [35] . Household size and dwelling type are also important determinants of electricity consumption [36] . For gaining access to electricity, household location is important. Access to electricity for a rural household has a more significant positive effect on education and health attainments than is the case for an urban household [37] . It is expected that electricity demand in rural areas is mainly for the purpose of lighting, with lighting also shown to affect children's education in developing countries. Grid electrification is not possible in rural areas due to budget constraints. Kanagawa and Nakata [38] reported that access to electricity was linked to infrastructure, supply capacity, government policy, and international cooperation.
Adoption of electricity at the household level depends on various socio-economic characteristics of the household, its geographical position, government policy, etc. Identifying the determinants of access to electricity at the household level is at times difficult due to a mix of individual characteristics and geographical factors. Khandker et al. [17] showed that, in Bangladesh, the impact of access to grid electrification on income and educational outcome is positive and significant. In their study, they applied PSM and the instrumental variable (IV) approach to estimate the causal effect of access to electricity on income, expenditure, and educational outcome. Their set of covariates included: gender, age, and level of education of head of household; household landholding, dwelling, and drinking water, village price of kerosene, etc. to estimate the propensity score of household access to electricity.
In another study, Khandker et al. [39] showed that, in Vietnam, the impact of access to grid electrification had significant positive effects on a household's cash income, expenditure, and educational outcomes. They applied difference-in-difference (DID), DID with fixed effect (FE) regression, and PSM-DID to estimate the causal effect of electrification. In their study, the propensity score of access to grid electricity was estimated based on: gender, age, and education level of head of household; household landholding and running water, commune price of kerosene, etc.
Kumar and Rauniyar [40] applied PSM to show the impact of access to electricity on income and educational outcomes in Bhutan. They found that access to electricity has a positive impact on non-farm income and educational outcomes. To estimate the propensity score, they used: household size; gender and age of head of household; amount of household land; access to tap water; house structure; religion; and distance as covariates.
In the current study, we chose age, gender, and education level of head of household; family size; number of sleeping rooms; location, having a water pump; and the wealth score from the MICS database as covariates. The data did not include any income or expenditure information, and the wealth score was used as a proxy of income variable.
Markov Model of Schooling Transition
We used the Markov schooling transition probability matrix to show the impact of access to electricity on school enrollment, measured by factors such as grade progression, grade repetition, and non-attendance. This transition matrix provides a convenient framework that can be used to assess the impact on various dimensions.
In Bangladesh, three possible schooling states are available for 5-or 6-year-old children: non-attendance, enrolled in grade 1, or enrolled in grade 2. In Bangladesh, most 6-year-old children are enrolled in grade 1. For 7-year-old children, four possible schooling states exist: enrolled in grade 3, enrolled in grade 2, enrolled in grade 1, and non-attendance. The most common state for 7-year-old children is enrolled in grade 2.
A transition probability matrix describes the transition using various ages for children by their schooling state. We can obtain the distribution of 7-year-old children's schooling state given the initial distribution of 6-year-olds in the following way:
The above matrix can be written in the following equation:
where A is the transition matrix for children aged 6 years old, and f is the vector of schooling state proportions. We need to increase the number of rows in the A matrix with age as the number of potential grade levels increases.
Estimating Short-Run Impacts: 1-Year Impacts
In our study, we had grading information for more than 30,000 children from electrified regions and more than 26,000 children from unelectrified regions. The nearest neighbor matching (NNM)-based PSM matched the data between the two types of region. We obtained grade information for 26,499 children for both the treatment and control groups. We considered that the 1-year impact of access to electricity for children of a given age a could be evaluated by comparing the age-specific transition matrix estimated for the treated (unelectrified) and control (electrified) groups: − We construct transition matrices for both groups; comparing the short-run effects of access to electricity on grade progression, repetition, and non-attendance at each age; and take the difference to estimate the impact of access to electricity. Matching ensures that the effect of access to electricity can be calculated by simply taking the difference between the two groups.
We also test whether the observed treatment and control group differences are statistically significant based on Pearson's chi-squared tests. We examine two types of tests: an equivalence test between the treatment and control transition matrices, and a test of equivalence between the individual columns of the matrices.
Simulating Long-Run Impact of Access to Electricity
The long-run impact of access to electricity on school enrollment is of greater interest to us for policy purposes. We observed children in our data set for only two years, so we cannot directly estimate the long-run impact of access to electricity. Therefore, we apply a simulation approach that uses the Markov schooling transition model to predict the effects of access to electricity on school enrollment at age 15. We make two assumptions about the greater validity of our evaluation process as follows:
Assumption 1: The number of children at age four is the same as the number expected to go to school at age five.
Assumption 2:
The age-specific transition matrices are consistent over time.
Under both assumptions and given an initial vector of the state proportion at each age, the predicted schooling state can be found by the product of the previous age enrollment status and the state proportions of the current age. The mathematical expression for the predicted school enrollment status of 6-year-old children for both treatment and control groups is as follows: = where we indicate the predicted enrollment status with a tilde(~) and things that are directly estimated from the age transition matrices with a hat(^). More generally, the predicted grade status at any age a is given by: = We started at age 5 and completed the transition at age 15. At the end of the transition at age 15, we obtained various grade levels and non-attendance information for both treatment and control groups and then took the difference to judge the long-run impacts of access to electricity.
Description of the Data
The data are from Bangladesh's MICS database 2012-2013 created by the Bangladesh Bureau of Statistics (BBS), the Ministry of Planning, Bangladesh, and the United Nations Children's Fund (UNICEF). The survey collected comprehensive, detailed information on a wide range of topics, including: household information; household characteristics; education; water and sanitation; children under five; women; salt iodization; and water quality testing. The data provide estimates at the national level with disaggregated data by division, location, gender, age, education level, and wealth quintiles. Bangladesh's MICS database 2012-2013 is based on a sample of 51,895 interviewed households, and it offers a comprehensive picture of children's education and nutrition. The data were panel data for two years that captured information about children's school attendance and grades. From the data set, most 5-and 6-year-olds are enrolled in grade 1 or one of the three possible schooling states as follows: 1) Non-attendance 2) Enrolled in grade 1 or 3) Enrolled in grade 2.
For children who are 7 years old, four possible schooling states are available: enrolled in grade 3, enrolled in grade 2, enrolled in grade 1, and non-attendance. Variables description are given in Table 1 . The household has a water pump or not (yes/no) Wealth score
The composite index which ranges from 1 to 5 We considered school enrollment (grade progression, repetition, and non-attendance) as the outcome variable and access to electricity as the treatment. We also considered some demographic and socio-economic features of the household as control variables.
Empirical Results & Discussion

Estimated Propensity Score of Access to Electricity
In the current study, we sought to estimate the probability that a household has access to electricity based on the observed values of characteristics (explanatory variables) such as gender, age, and education level of head of household; location; family size; number of sleeping rooms; having a water pump; and wealth score. As shown in Table 2 , the likelihood that a household has access to electricity is smaller if the household family size is large, has a water pump or is headed by a male. Standard errors in parentheses: *** p < 0.01; ** p < 0.05; * p < 0.1.
In contrast, living in an urban area, having more sleeping rooms and a larger wealth score, and having a more educated head of the household all increase the likelihood that a household has access to electricity.
Estimate Average Treatment Effect on the Treated
The average treatment effect on the treated (ATET) always produces an identical outcome. We applied the ATET to estimate the impact of electrification on school enrollment (grade progression, repetition, and non-attendance) through the NNM method (see Table 3 ). Standard errors in parentheses: *** p < 0.01; ** p < 0.05; * p < 0.1.
• Access to electricity increases grade progression by an average of 0.0276 (2.76%) which is statistically significant.
•
Access to electricity has a negative impact on repetition and is statistically non-significant.
Access to electricity decreases non-attendance by an average of 0.0257 (2.57%) and is statistically significant. We show how access to electricity affects school enrollment through Markov's schooling transition model. Firstly, we estimate the short-run impact of access to electricity on school enrollment by comparing the treatment and control group children. Secondly, we simulate the long-run impact of access to electricity using the method proposed in Section 2.4.
Comparison of Treatment and Control Groups (Short-Run)
Tables 4-6 provide the details of grade transition based on age, with other tables located in the Appendix. These tables show the estimates for the schooling transition matrices for children aged 5-15 years. From Table 4 , we see the distributed estimated probabilities of transitioning from three potential states at age 5 to four potential schooling states at age 6. The letter 'G' indicates the source state that corresponds either to grade promotion, to the same grade, or to non-attendance. The top panel of the matrices provides the transition matrix for the treated group (unelectrified), the middle panel provides the transition matrix for the control group (electrified), and the last panel shows the treatment-control group differences. Matching would imply that the differences between treatment and control groups due to electrification are largely supported by the data.
Impacts on primary school age children: From ages 5-6, the repetition rate is approximately 8% lower for those who have access to electricity compared to those who do not, as shown in Table 4 . The transition from grade 1 to grade 2 is 8% more likely for those who have access to electricity compared to those who do not.
From ages 6-7, shown in Table 5 , the repetition rate is approximately 3.4% lower for those who have access to electricity than for those who do not. The transition from grade 1 to grade 2 is 3.4% more likely for those who have access to electricity compared to those who do not. The non-attendance rate is also 10.4% lower for those who have access to electricity compared to those who do not. Thus, access to electricity appears to foster grade progression and reduce repetition. It also reduces non-attendance among children which is a significant difference between the treatment and control samples.
Impacts on the transition to secondary school: From ages 12-13, the repetition rate is approximately 1.33% higher for those who have access to electricity compared to those who do not. Transitioning from grade 6 to grade 7 is 1.33% more likely for those who have access to electricity compared to those who do not. The non-attendance rate is also 1.56% lower for those who have access to electricity compared to those who do not. These results are shown in Table 6 . 1.000 0.000 1.000 
Grade (G)
3 2 1 NA Treatment Transition Matrix P(4|G) 1.000 --- --- --- P(3|G) --- 0.969 --- --- P(2|G) --- 0.031 0.797 --- P(1|G) --- --- 0.203 0.378 P(NA|NA) --- --- --- 0--- --- --- P(3|G) --- 0.960 --- --- P(2|G) --- 0.040 0.830 --- P(1|G) --- --- 0.170 0.482 P(NA|NA) --- --- --- 0--- --- --- P(3|G) --- 0.009 --- --- P(2|G) --- −0.009 −0.034 --- P(1|G) --- --- 0.034 −0.104 P(NA|NA) --- --- --- 0--- --- --- --- --- --- --- --- --- P(9|G) --- 1.000 --- --- --- --- --- --- --- --- P(8|G) --- --- 0.995 --- --- --- --- --- --- --- P(7|G) --- --- 0.005 0.9822 --- --- --- --- --- --- P(6|G) --- --- --- 0.004 0.973 --- --- --- --- --- P(5|G) --- --- --- --- 0.027 0.997 --- --- --- --- P(4|G) --- --- --- --- --- 0.003 0.983 --- --- --- P(3|G) --- --- --- --- --- --- 0.017 0.986 --- --- P(2|G) --- --- --- --- --- --- --- 0.014 0.922 --- P(1|G) --- --- --- --- --- --- --- --- 0.078 0.011 P(NA|NA) --- --- --- --- --- --- --- --- --- 0P(10|G) 0.9091 --- --- --- --- --- --- --- --- --- P(9|G) 0.0909 0.9911 --- --- --- --- --- --- --- ---- P(8|G) --- 0.0089 0.9906 --- --- --- --- --- --- --- P(7|G) --- --- 0.0094 0.996 --- --- --- --- --- --- P(6|G) --- --- --- 0.0178 0.9900 --- --- --- --- --- P(5|G) --- --- --- --- 0.0100 0.9861 --- --- --- --- P(4|G) --- --- --- --- --- 0.0139 0.9744 --- --- --- P(3|G) --- --- --- --- --- --- 0.0256 0.9804 --- --- P(2|G) --- --- --- --- --- --- --- 0.0196 0.9259 --- P(1|G) --- --- --- --- --- --- --- --- 0.0741 0.0262 P(NA|NA) --- --- --- --- --- --- --- --- --- 0--- --- --- --- --- --- --- --- --- P(9|G) −0.0909 0.0089 --- --- --- --- --- --- --- --- P(8|G) --- −0.0089 0.0046 --- --- --- --- --- --- --- P(7|G) --- --- −0.0046 −0.0133 --- --- --- --- --- --- P(6|G) --- --- --- −0.0133 −0.0171 --- --- --- --- --- P(5|G) --- --- --- --- 0.0171 0.0107 --- --- --- --- P(4|G) --- --- --- --- --- −0.0107 0.0084 --- --- --- P(3|G) --- --- --- --- --- --- −0.0084 0.0051 --- --- P(2|G) --- --- --- --- --- --- --- −0.0051 −0.0044 --- P(1|G) --- --- --- --- --- --- --- --- 0.0044 −0.0156 P(NA|NA) --- --- --- --- --- --- --- --- --- 0
Long-Run Impacts of Access to Electricity and Comparison of Treatment and Control Groups
From the above results, we can determine the short-run impact of access to electricity on school enrollment both for primary and secondary school children. These impacts have been shown year by year. Our goal now is to connect the impact of access to electricity on school enrollment over a long period. In the short run, access to electricity has a significant positive impact on grade progression/transition, a significant negative effect on non-attendance, and mixed effects on repetition. We are interested in determining the impact of access to electricity on school enrollment up to age 15, and we expect year-by-year impacts to accumulate.
We assume that children have continuous access to electricity starting at age 5 and up to age 15. We then obtain the transition matrices from age 5 to age 15. Let us suppose that 10,000 children of age 4 are expected to attend school at age 5 as follows in Table 7 (based on the transition matrix): When we examined the transition up to age 15, we obtained the following results (see Figure 1) : Consider a 15-year-old who enrolled in grade 1 at age 5 and will potentially reach grade 12 when he/she is age 15. He/she needs to complete 12 years of school to reach grade 12. This suggests that the treatment can be examined over 10 years based on access to electricity. We can summarize the impact in Table 8 as follows: We apply the simulation to estimate the long-term impact of access to electricity. Our simulation assumes that a child is going to school continuously for 10 years, starting at age 5. We compare the predicted school enrollment distribution between the unelectrified (treatment) and electrified (control) groups at age 15 and omit non-attendance students. Table 9 presents the simulated probability distribution function (PDF) and cumulative distribution function (CDF) values for the treatment and control, with treatment defined as lacking access to household electricity for 10 years for the age range 5-15. Figure 2 displays the school enrollment scenario for a 15-year-old child who has continuously attended school for the last 10 years. The school enrollment rate is higher for grades 9-11 in the electrified group compared to the unelectrified group, revealing substantial differences between the treatment and control groups. Most of the treatment impact occurs at age 14.
We predict the long-run impact of access to electricity on education, demonstrating that this is a very strategic policy option for justifying the provision of electricity in unelectrified regions to reduce school non-attendance. We also note that grade progression is affected by the quality of light. The quality of lighting, especially in rural areas, is an important indicator that should be focused on education policy. The quality of lighting provides an opportunity for the learners to study at night. We believe that it can increase school enrollment. 
Conclusions
In theory, the impact of access to electricity on education is unclear. There may be multiple mechanisms at work. There is no consensus on the empirical literature on the impact of access to electricity on education. This paper documents empirical research that tests the strategic policy question of whether access to electricity increases grade progression and reduces non-attendance rates for children aged between 5 and 15. The relationship between access to electricity and school enrollment is complex. Although access to electricity affects children's study, it is not the only factor (factors such as income, location, culture, and government policy are also considered very important). The occurrence of non-attendance resulted from a complex interaction of economic, individual, family and school-related factors [41] . There is a positive relationship between access to electricity and economic condition of the household [42] . Our focus point is to assess the impact of electrification on school enrollment. Particularly notable is the impact of access to electricity on grade progression and non-attendance observed in the current study between the treatment and control groups in both the short and long run. Firstly, the average treatment effect on the treated (ATET) showed that access to electricity significantly increased grade progression and reduced non-attendance. Secondly, the Markov schooling transition model showed that access to electricity had a positive impact on grade progression and a negative impact on non-attendance in the short and long run. For grade repetition, however, access to electricity had a mixed effect. 
Simulated Distribution with Control (Electrified)
Although some researchers have found positive effects, some have found no effect. In some instances, access to electricity showed some improvement in the number of study hours and school enrollment [43, 44] . However, in another case lighting had an insignificant effect on children's study time [45] . To contribute to the existing literature, we evaluate the impact of access to electricity on grade progression, repetition, and non-attendance. Overall, a broad scope is apparent for enhancing school enrollment by ensuring access to electricity. Education policies are needed to encourage school enrollment and to reduce non-attendance at primary and secondary school based on strategic factors. These policies could provide financial support and quality of lighting, potentially increasing study continuation for children. It is noteworthy to mention that the government can take the initiative to reduce the student non-attendance, which is partially caused by non-access to electricity. One empirical study showed that access to electricity reduces school attendance [46] . Our findings do not support this finding. We found that the quality of lighting can be considered for reducing the non-attendance in Bangladesh. Many characteristics of rural areas make it more challenging (unfeasible and impractical) to provide grid electricity [47] . Improved targeting of educational research and resources on access to lighting and education might be a strong tool for maximizing school enrollment in Bangladesh.
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